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Abstract Background and Objective: Over thirty-nine million individuals globally are living with HIV, and during the
past three decades, HIV/AIDS has claimed millions of lives globally. The study’s primary goal was to determine the variables
that affect the course of HIV/AIDS in individuals receiving antiretroviral therapy, including body mass index, age, gender,
TB before treatment, response to treatment, WHO stage baseline, and CD4 baseline. Materials and Methods: The research
employed a cohort analysis of surveillance data from the HIV Wellness Clinic in the province of Limpopo, South Africa,
for 318 HIV-positive patients on antiretroviral therapy (ART). The effects of covariates were evaluated in this study using
Aalen’s additive regression model, the Cox regression model and the Cox-Aalen ensemble model, in comparison. Results:
Results from the Cox-Aalen model, complemented by findings from Aalen’s additive and Cox proportional hazards, show a
substantial association between HIV/AIDS progression for patients undergoing treatment therapy and CD4 baseline, gender,
age, and incidence of TB during treatment. All models show that the CD4 baseline is highly significant in comparison
to the other covariates in the models, with a very small p− value < 0.0001. Male patients had greater rates of immune
system deterioration than female patients. Patients with baseline CD4+ cell counts below 350 cells/mm3 have greater rates
of immunological recovery than those with baseline counts over 350 cells/mm3. Conclusion: This study has reinforced
the need for an integrated HIV/TB care so that these two diseases are concurrently managed for the benefit of the infected
individual.

Keywords Aalen’s additive regression model, Cox’s hazard regression model, Cox-Aalen model, antiretroviral therapy,
treatment adherence, immune deterioration, cohort analysis.
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1. Introduction

The HIV/AIDS disease progression is characterised by continuous destruction of the CD4+ cells leading to
immunosuppression, neoplasm, wasting, or low CD4+ T-cell count that defines AIDS [1, 2]. Some clinical markers,
such as the CD4+ cell count and the RNA viral load, help in providing information on HIV/AIDS disease
progression. A normal CD4+ cell count varies from individual to individual, and it is usually between 500 and
1,400 cells per mm3. CD4+ cell count values below 500 are usually an indication of immune suppression and
vulnerability to opportunistic infections [3].

The Joint United Nations Programme on HIV/AIDS (UNAIDS) estimates show that approximately 39 million
people globally are living with HIV, and 40.4 million have died of AIDS-related illnesses since the beginning of
the epidemic by the end of 2022. Although sub-Saharan Africa constitutes a small fraction of the world population,
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approximately 67% of the HIV/AIDS cases have been reported in sub-Saharan Africa, with approximately 23.4
million HIV positive cases by 2022 [4]. South Africa was leading with 7.8 million, followed by Nigeria with
3 million HIV-positive individuals. Between 2001 and 2011, South Africa, the country with the largest number
of HIV infections, reduced new HIV infections by 41%. South Africa has one of the largest HIV treatment
programmes in the world [5]. Therefore, it is important to identify factors associated with survival from HIV/AIDS
for patients who are on antiretroviral therapy.

South Africa has one of the highest dual burdens of HIV and tuberculosis (TB) in the world, with HIV as a critical
driver of the TB epidemic and increased mortality. While the country has made significant efforts and progress in
reducing the burden of TB, the ongoing challenge remains the management of TB/HIV co-infection. South Africa
is one of 30 nations that account for 87% of global TB cases and is on the World Health Organisation’s (WHO) list
of 14 countries with the highest burden of TB, HIV-associated TB, and multi-drug resistant TB (MDR-TB).

Survival analysis is particularly important for accurately identifying risk factors affecting survival rates [6].
Researchers commonly use survival analysis techniques, such as Cox proportional hazards regression models, to
identify factors that predict mortality. These models help in understanding the hazard ratios (HR) associated with
different variables, providing estimates of the increased risk of death for specific patient groups. In 2016, [7]
analysed the survival of patients receiving antiretroviral therapy. In their analysis, they concluded that prolonged
survival times for patients with HIV/AIDS under treatment, and hence improved survival probability. They
emphasised the need for constant follow-up, regular monitoring of CD4+ cell count, as well as timely and early
antiretroviral intake to achieve better survival chances. In 2019, Mangal et al. [8] carried out a study on people living
with HIV/AIDS using piecewise constant exponential models. The study shows that early treatment contributes to
improved survival probabilities, with the greatest benefit obtained in women and younger age groups. In 2016,
Kowaliska et al. [9] used the Cox proportional hazard models to identify factors related to the first combination
antiretroviral therapy (cART) modification in three age groups. Their results reveal significantly longer time on
cART for the older age groups than their younger counterparts.

However, relatively few studies on HIV/AIDS progression have been carried out using both the Cox proportional
hazards model and the Aalen additive hazards model. While the Cox proportional hazards model is frequently
used to analyse survival in censored data, [17] contended that when the proportional assumption is not met, bias
may result. Then, the additive model turns into an alternative option. The Aalen additive model has proved to be
advantageous over the Cox proportional hazards model for HIV modelling primarily because it allows covariate
effects to vary over time and directly models absolute risk differences, providing different and potentially more
informative insights than the Cox model’s assumption of constant multiplicative hazard ratios. This flexibility
is crucial in HIV modelling, where the impact of factors like CD4 count or treatment adherence can change
significantly as a patient’s disease progresses. The additive model also offers simpler, closed-form solutions for
parameter estimation and can provide a clearer understanding of ”excess risk”.

Using both Aalen’s additive model with a Cox proportional hazards (PH) model for HIV modelling offers
advantages by providing a comprehensive view of covariate effects over time, with the additive model highlighting
changes in absolute risk and the Cox PH model explaining relative risk. The additive model can reveal time-varying
covariate effects that the Cox PH model might obscure or fail to detect due to its assumption of constant hazard
ratios [11], thus offering a richer, more complete understanding of HIV progression. Thus, in this study, both
the Cox proportional hazards model and Aalen’s additive model are used. In addition, the Cox-Aalen model is
presented, a hybrid model that combines both the multiplicative and the additive covariate effect. For this cohort,
an investigation of whether CD4 baseline (CD4BL), age, gender, TB before enrollment (TBB4), developed TB
during treatment (DTB), adverse reaction to treatment (Reaction), WHO stage baseline (WSBL), body mass index
progression (BMI), and viral load baseline (VLBL) are associated with HIV/AIDS progression for patients under
treatment therapy is carried out.

1.1. Contributions

The study employs the Cox-Aalen model, a model that combines both Aalen’s additive regression model and
the Cox proportional hazards model, providing a robust comparative analysis of their applicability to HIV/AIDS
progression. The research addresses critical factors influencing HIV/AIDS progression, such as CD4 baseline,
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gender, and TB co-infection, which are pivotal for clinical decision-making. The use of a well-documented cohort
(n=318) from a real-world setting enhances the study’s external validity.

1.1.1. Key findings

• CD4 Baseline Dominance: Both the Cox proportional hazards model and Aalen’s Additive model
consistently highlight low CD4 baseline (< 350 cells/mm3) as a strong predictor of immune deterioration,
aligning with global ART initiation guidelines. The Cox-Aalen model further identifies the additive effect of
the continuous CD4 cell baseline on HIV/AIDS progression.

• Gender Disparity: Male gender is associated with higher progression risk, potentially reflecting adherence or
biological factors.

• TB Coinfection: Incident TB during treatment is significantly linked to progression, underscoring the need
for integrated HIV/TB care–a critical public health message

• Findings underscore the importance of early TB detection and gender-specific treatment strategies, aligning
with global HIV management guidelines.

1.2. Organization

The rest of the paper is combined as follows: Section 2 presents a detailed methodology for the Cox, Aalen and the
Cox-Aalen models. This is followed by Section 3 where the key findings from the analysis are presented. Section 4
discusses the key findings and compares them with the literature. Finally, Section 5 concludes the findings.

2. Materials and Methods

Ethical considerations: The data collection procedures used in this study were approved by the Research Ethics
Committee of the University of Venda, SA (ref. no. SMNS/13/ MBY/01/0625), following the 1964 Declaration of
Helsinki and its subsequent amendments. Additionally, permission to access health facilities was obtained from the
Limpopo Provincial Department of Health, SA, and collaborating health facilities. Informed consent was obtained
from study participants before their involvement, and data obtained were stripped of personal identifiers to ensure
the anonymity and confidentiality of the participants.

2.1. Study population

The study used a cohort analysis of the surveillance data for 318 HIV-infected patients under anti-retroviral therapy
(ART) from the HIV Wellness Clinic in the Limpopo Province of South Africa. From these individuals, there were
227 females and 91 males. The survey was conducted between 2005 and 2009, and follow-up was done every 6
months. The age range of the patients at enrolment was from 2 to 77 years, with a mean age of 36.47 years. The age
group 31-40 years had the highest percentage of individuals, with approximately 31.4%. Before the commencement
of treatment, the body mass index (BMI) was calculated, and the mean BMI was 19.17 at enrolment. World Health
Organisation (WHO) stage baseline and CD4 baseline were measured. The CD4 cell count at enrolment ranged
from 1 cell/mm3 to 518 cells/mm3. 70% of the individuals had a CD4 cell count below 200, and 30% had a CD4
count between 200 and 750. There were no individuals with a CD4 count above 750. Some of the patients were
enrolled at the clinic with TB as the initial marker of HIV. During treatment, CD4 count was noted, and any form
of adverse reaction to treatment was noted, as well as any development of a TB co-infection.

2.2. Variable coding

For this analysis, the variables were coded as follows: Gender: 1 - Male, 0 - Female; prior ART TB (PATB): 1 -
yes, 0 - no; incidence TB on ART (ITB): 1 - yes, 0 - no; Virologic failure (VF): 1 - yes, 0 - no. The CD4BL are as
follows: 0: CD4 ≥ 350; 1: 500 CD4 < 350. The continuous baseline CD4BL is also considered in the analysis to
complement the categorical CD4BL. Analysis was done using the R statistical software since it can handle Aalen’s
additive regression analysis.
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2.3. Cox proportional hazards model versus Aalen’s regression model in modelling HIV progression

The proportional hazards regression model, known as the Cox regression model, has been the popular choice
for right-censored survival data [13, 14]. Its popularity is based on the fact that it is simple to fit and that the
results are easy to explain. However, Cox’s regression model has its limitations. Firstly, the validity of the analysis
relies heavily on the proportional hazards assumptions. Secondly, it cannot include time-varying covariate effects
since the regression coefficients are assumed to be constants [15]. The alternative is Aalen’s regression model.
Aalen’s model postulates a different relationship for the hazard and covariates than does the Cox model [13, 16].
The coefficients in Aalen’s model are functions that vary over time without any specific shape or reliance on the
parameter functions [17]. Events that happen to one person are therefore presumed to be independent of those of
other people. Because of this, it is non-parametric [18] as opposed to Cox’s proportional hazards model, which is
semi-parametric. Thus, Aalen’s model is ideally suited to investigate potential temporal variations in the variables’
impacts.

It is argued [19] that it is not appropriate to use Aalen’s additive hazards model for all data sets because the
calculation of cumulative regression functions β(t) is restricted to a time interval, and Z, the matrix of covariates,
is of full rank. This means that Z ′Z should be invertible, which is not always the case. However, with the Cox
regression model, this is not a problem. Table 1 gives a summary of the differences between the two models.

Table 1. A summary of the differences between the Cox proportional hazards model and Aalen’s additive model

Cox proportional Hazards model Aalen’s Additive model
Assumption: Assumes covariate effects are multiplicative

on the hazard rate and that these effects are
constant over time (the proportional hazards
assumption).

Assumes covariates affect the hazard rate in
an additive way, on an absolute scale.

Effect of Covariates: Estimates time-invariant regression coeffi-
cients.

Estimates time-varying coefficients, allow-
ing the effect of covariates to change over
time.

Interpretation: Focuses on hazard ratios (relative risks),
indicating how the hazard changes multi-
plicatively for an individual with a given
covariate value compared to a baseline.

Focuses on excess risks or the absolute
difference in the hazard rate per unit of
covariate change.

Model Type: Semi-parametric. Non-parametric, making it more flexible for
exploring how effects change over time.

Application: A widely used standard for survival analysis,
but its validity hinges on the often-restrictive
proportional hazards assumption.

Useful for understanding when and how
covariate effects change, offering new
insights into prognostic factors over time.

2.3.1. Cox proportional hazards regression model Cox proportional hazards model is specified as h(t|Z̄) =
h0(t)exp{β̄′

rZ̄} where h0(t) is a baseline hazard, which may vary arbitrarily over time, and Z̄ ′ = (z1, z2, . . . , zr) is
the covariate vector, β̄ = (β1, β2, . . . , βr) is a vector of covariate coefficients and is assumed constant. The baseline
hazard is treated to be non-parametric. The null hypothesis to test for the significance of a given covariate zj in the
Cox model is given by Equation 1:

Hj : βj(t) = 0.. (1)

Where βj(t) is the regression coefficient corresponding to the jth covariate [20].
If two individuals with covariate values, Za and Zb being compared, the ratio of their hazard rates at any time

point simplifies to Equation 4 below:
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h(t|Z)

h(t|Z∗)
=

h0(t)exp{
∑r

k=1 βkZak

h0(t)exp{
∑r

k=1 βkZbk}
(2)

=
exp{

∑r
k=1 βkZak

exp{
∑r

k=1 βkZbk}
(3)

= exp{
r∑

k=1

βk(Zak − Zbk)}. (4)

Where h0(t) is the baseline hazard rate, βk is the regression coefficient for the kth covariate. This ratio is
considered constant throughout the study period.

A sample of size n yields data with F distinct failure times denoted by t1 < t2 < · · · < tF and n− F censored
times. t(i) is an ordered event while Tj is the follow-up time for the jth individual. The set of indices of subjects
at risk at time ti is denoted by Ri = R(ti). The covariate for the individual who had an event at time ti is given
by Z(i) to be distinguished from covariate Zj for individual j according to the previous study [15]. This allows
the proportion for all the individuals at risk at time ti such that {j ∈ Ri} = {j|Tj ≥ ti}. The partial likelihood for
estimating the parameter β is given by Equation 5:

L(β) = ΠF
i=1

exp(β′Z(i)∑
j∈Ri

exp(β′Zj)
(5)

Where i denotes the subscript of the subject who dies at any time t(i) [21].

2.3.2. Aalen’s additive hazard model Aalen’s additive model is a non-parametric survival model that specifies the
hazard rate as a sum of a baseline hazard and a linear function of covariates. Aalen’s additive regression model is
constructed as follows: Suppose a possibility of a censored lifetime of a number of HIV patients is observed. Let λi

denote the hazard rate of patient i, n be the number of HIV-infected patients, and r be the number of predictors in the
analysis. The additive model, is constructed by taking into account the column vector λ(t) of hazard rates λi(t), i =
1, 2, . . . , n, is given by λ(t) = Y (t)α(t), where the n× (r + 1) matrix Y (t) is built as follows: If the patient is a
member of the risk set at time t, them the ith row of the Y (t) is the vector z̄i(t) = (1, zi1(t), z

i
2(t), . . . , z

i
r(t))

′ where
zij(t), j = 1, 2, . . . , r, are time-dependent covariates values. The corresponding row of Y (t) contains only zeros if
at time t the individual i is at risk. The vector α(t) = (α0(t), α1(t), . . . , αr(t))

′ contains the regression information
where α0 is a baseline hazard rate, while the remaining components are regression functions which quantify the
impact of the corresponding covariates. Over time, their functions are free to change.

One primary question is ”Do specific covariates have any influence on the distribution of lifetimes?”. This
corresponds with the hypothesis; Hj : αj(t) = 0, where j corresponds to the jth covariate in the analysis. This
corresponds to the null hypothesis in the Cox model. However, the alternative hypothesis for the Cox model
Hj : αj(t) ̸= 0 is valid for all t, whereas the alternative hypothesis in Aalen’s model Hj : αj(t) ̸= 0 is valid for
some t. For Aalen’s additive model, cumulative regression functions or coefficients are estimated as:

Aj(t) =

∫ t

0

αj(u)du. (6)

αj(t) is estimated from the slope of Aj(t), which is often done using kernel smoothing techniques

2.4. Model formulation

The HIV data used in this study have n = 318 patients and j = 9 variables. The covariates are: Baseline CD4
(CD4BL), age, sex, pre-ART TB (PATB), incident TB (ITB), adverse reaction to treatment defined as virologic
failure (VF) or lactic acidosis (LA) or peripheral neuropathy (PN), WHO stage baseline (WSBL) and viral load
baseline (VLBL). The effects of these covariates on the progression of HIV were analysed using the ”timereg”
package in R, and the results are discussed in the following paragraphs.
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The process of identifying the model that best fits the data is performed using backward elimination. This
involved starting by considering a model that included the full set of covariates, and then removing non-significant
covariates step by step. The effects of the removal of these variables are noted by checking the change in p-values
of the global test statistics, and also checking the changes in R2 for the fitted models. The analysis is done for
both Aalen’s and Cox’s regression, and the comparison of these two models is based on the p-values of each of the
covariates as well as the p-values for the model and other statistics. The identification of the better model is done
in four steps.

The first step presents both Aalen’s and Cox’s models with all the variables included. The Cox regression model
fitted is:

h(t|Z̄ = h0(t)exp{β1 ×Gender + β2 ×WHOSBL+ β3 ×Age

+ β4 × CD4BL+ β5 × LA+ β6 × PN + β7 × ITB + β8 × PATB}
(7)

and the Aalen’s additive model is given by:

λi(t) = α0(t) + α1(t)×Genderi + α2(t)×WHOSBLi + α3(t)×Agei

+ α4(t)× CD4BLi + α5(t)× V Fi + α6(t)× PNi + α7(t)× ITBi + α8(t)× PATBi)
(8)

where α0(t) is the baseline hazard rate and αi(t) is the time-dependent regression function that represents the
additive effect (risk) of the ith covariate on the hazard.

However, continuous elimination of non-significant variables is done to ensure that the model remains with only
those variables that explain the progression of HIV/AIDS better. The final theoretical models being estimated in
the final step are:

h(t|Z̄ = h0(t)exp{β1 ×Gender + β2 ×Age+ β3 × CD4BL+ β4 × ITB} (9)

and;

λi(t)|zi = α0(t) + α1(t)×Genderi + α2(t)×Agei + α3(t)× CD4BLi + α4(t)× ITBi (10)

where αr(t) for r = 0, 1, 2, . . . , 4 is the regression information, and βr(t) for r = 1, 2, . . . , 4 vector of covariate
coefficients for Aalen’s additive model and Cox regression model, respectively.

2.4.1. Confidence Interval for Aalen’s Additive model The confidence interval for the cumulative function αk(t) is
used to test the hypotheses: H01 : βk(t) = 0 and H02 : βk(t) = bt for all t ∈ [0, τ ] and τ being the largest observed
time. For the kth cumulative function, H01 is based on the supremum test statistic. The Kolmogorov-Smirnov test
statistic is used to test the hypothesis of a time-dependent effect of the kth covariate.

2.5. Cox-Aaalen Hazards Regression model

The Cox-Aalen regression model was proposed by Scheike and Zhang [22], is a more flexible model than the
other additive-multiplicative models, which combines Aalen’s additive regression model and the Cox proportional
hazards model discussed earlier. This model is based on an additive structure on the basis of the multiplication
model. In the Cox-Aalen model, the covariates are partitioned into two parts; some covariate effects work additively
on the intensity, and other covariate effects act multiplicatively. Combining these two models helps to overcome
the limitations of a single model approach that struggles with mixed effects timelines. Thus, the Cox-Aalen model
is more comprehensive when dealing with covariates that behave differently over time, capturing both relative risk
(from the Cox component) and absolute effects over time (from the Aalen component). This allows for a richer
and more nuanced understanding of how different covariates influence survival over time. It is a more flexible and
potentially useful model which is defined by, Equation 11 below.

λ(t)|xi = Y (t)
[
X(t)Tα(t)

]
exp

(
Z(t)Tβ

)
(11)
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where Y (t) is the risk indicator; (X(t), Z(t)) is a (p+ q × 1) vector of covariates, α(t) is a (p× 1) vector of
time varying regression coefficients and β is a (q × 1) vector of relative risk regression coefficients. This model
allows some covariate effects to be additive, nonparametric and time varying (X(t)) and other covariates (Z(t)) to
have constant multiplicative effects

2.6. Goodness of Fit

In order to avoid misrepresentation of the effects of covariates, it is important to check how well the fitted models
fit the data. For the Aalen additive regression part of the model, we used the martingale residuals. The martingale
residual gives a precise indication of the point of the problem in the fitted model as a function of time [23, 24]. At
a given time t, the martingale residual for individual i is given by Equation 12:

M̂i(t) = Ni(t)− Ĥ [t|Zi(t)] , i = 1, 2, 3, . . . , n, (12)

where Ni(t) represent the actual number of events and Ĥ [t|Zi(t)] , is the predicted number of events. The
martingale residuals are the sum based on the levels of the covariate, and a sum near zero when plotted against time
represents model fitness. P-values can also be used to quantify the departure of the residuals from zero.

3. Results

In this section, the results on the fitted Aalen’s additive model and the Cox proportional hazards model are fitted
on the data.. Estimates of the coefficients αr(t) for r = 0, 1, 2, . . . , 8, and βr for r = 1, 2, . . . , 8 for Aalen’s additive
model and Cox regression model, respectively, are presented. For each model, a step-wise approach to the selection
of significant covariates is used. The approach starts with a full model containing all covariates, and at each stage,
some covariates are removed based on the p-values at 5% level until the best fitting model is obtained. The Aalen’s
additive model and the Cox proportional hazards model are presented separately, and at the end, a comparison of
the findings from each model is discussed.

3.1. Cox Proportional Hazards model

The Cox proportional hazards model is applied to the data. The first step starts with a full model that contains
all covariates (the full model). A step-wise approach is used to eliminate the variables that do not satisfy the
proportional hazards assumption until the best model is obtained (the reduced model). This is done by examining
the Schoenfeld residuals for the variables in a fitted model. Covariates with p-values below 0.05 are removed from
the model because they do not satisfy the proportional hazards assumption. The results are presented in Table 2.
Proportionality of covariates is satisfied by five covariates: the HIV patient’s age, having TB prior to ART initiation
(PATB), virologic failure (VF), TB incident (ITB), and CD4 baseline (CD4BL). The global test shows no evidence
of departure from the standard Cox model (p-value=0.270).

The plot of the scaled Schoenfeld residuals is a useful diagnostic tool. A non-zero slope is an indication of a
violation of the proportional hazard assumption. The plots of scaled Schoenfeld residuals are presented to test
if the proportional hazards assumption is satisfied for all the covariates in the final/reduced Cox proportional
hazards model. The proportional hazards assumption is satisfied for all the variables: TB prior to ART, peripheral
neuropathy, virologic failure, incident TB, and CD4 baseline. The graphs of the scaled Schoenfeld residuals are
presented in Figure 1

In Table 3 below presents the estimations of regression coefficients from the reduced Cox model together with
the corresponding p-values for each covariate. The relative risk, represented by the exp( βr) is interpreted as a
multiplicative effect on the hazard function. The risk of having a CD4 cell count above 350 among patients who
had TB before ART is 0.62146 (p-value=0.0242) times lower than that of patients who did not have TB prior to
ART. This means a reduction by 38% in the risk of progressing to a better CD4 cell count level as a result of having
TB prior to ART. The risk among patients with TB incidence is increased by approximately 7% (p-value=0.04857).
This could be because these patients are on follow-up, and as a result, any TB incident was quickly diagnosed and
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Table 2. Test for proportional hazards assumption for the Cox Proportional Hazards model

Outcome from the full model: Outcome from the reduced model:
Covariates chisq df p-value chisq df p-value
Age 3.48e+00 1 0.06197 2.92e+00 1 0.088
CD4B 1.84e+01 1 1.8e-05
factor(Gender) 3.92e+00 1 0.04768
factor(PATB) 1.60e+00 1 0.20525 1.38e+00 1 0.241
factor(PN) 2.40e+00 1 0.12120
factor(VF) 2.27e-08 1 0.99988 4.51e-08 1 1.000
factor(LA) 4.71e+00 1 0.02999
factor(VLBL) 4.70e+00 1 0.03013
factor(ITB) 7.33e-06 1 0.99784 1.72e-01 1 0.678
factor(CD4BL) 7.77e-01 1 0.37808 6.57e-01 1 0.418
GLOBAL 3.07e+01 10 0.00065 7.59e+00 6 0.270

treated. For patients who started treatment with a CD4BL below 350, the risk of progressing to a CD4BL above
350 is 0.105 times lower than that of patients who started treatment with a CD4BL above 350. This calls for the
need for early diagnosis of HIV and treatment, that is, the treat and test model. For every unit increase in age,
the risk of progressing to a better CD4 cell count level is reduced by about 2% (p-value=0.0316). Based on the
likelihood ratio, Wald, and the score tests, the overall test of the fitted model is statistically very highly significant
(p-value< 0.0001).

Table 3. Estimation of regression coefficient, relative risk, standard error, z and p-value from the reduced Cox model

βr exp( βr) se(coef) z-value p-value
Age -0.02216 0.97809 0.01230 -1.802 0.0316*
factor(PATB)1 -0.47568 0.62146 0.21106 -2.254 0.0242 *
factor(ITB)1 0.07072 1.07328 0.12974 0.545 0.04857*
factor(CD4BL)1 -2.25497 0.10488 0.24059 -9.373 < 2e− 16 ***
Concordance= 0.62 (se = 0.021 )
Likelihood ratio test= 71.27 on 6 df, p=2e-13***
Wald test = 87.56 on 6 df, p =< 2e-16***
Score (logrank) test = 132.4 on 6 df, p =< 2e-16***

3.2. Cox-Aalen’s Additive model

In this subsection, we fit the Cox-Aalen model to assess the additive effects of all the covariates. The results
are presented in two steps: Step 1: The first output presented in Table 4 below tests the additive effect of
all the variables. This step is analogous to an Aalen’s additive model. From this test, covariates: gender (1-
Male, 0-Female), virologic failure (VF: 1-Yes, 0-No), CD4B (continuous CD4 baseline variable), and CD4BL
(0-CD4BL≥ 350, 1-CD4BL< 350) turned out to be statistically significant at the 5% level of significance, thus
satisfying the additive (time-varying assumption). The other variables: VLBL, PATB, LA, incident TB (ITB) and
PN do not satisfy the additive assumption.

Step 2: To fit the Cox-Aalen model, the covariates are partitioned into two parts to accommodate all covariate
effects, those that work additively (Aalen’s model) on the intensity and those that work multiplicatively (Cox
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Figure 1. Smoothed scaled Schoenfeld residual plots with 95% pointwise confidence intervals for dfor the reduced Cox
proportional Hazards model

model). This results in a combined Cox-Aalen model. In Table 5 and Table 6, we present results from the
Cox-Aaalen model for the additive part and the multiplicative part of the model, respectively. For the additive
part of the model, a non-parametric significance test is performed using the supremum test and the test for time
invariance is performed using two tests: the Kolmogorov-Smirnov test and the Cramer von Mises test. The Cox-
Aalen model clearly separates the multiplicative part from the additive part as presented in the Cox and Aalen
models, respectively.

Results from the multiplicative part of the Cox-Aalen model are given in Table 6. The multiplicative part of the
model suggested that the relative risk of patient age is 1.0179, that of incidence TB is 1.1286, and the relative risk
of pre-ART TB is 1.1526. These results are similar to the Cox model. However, peripheral neuropathy has neither
an additive effect nor a multiplicative effect. These results now show that, for every unit increase in age, the risk
of progressing to a higher CD4 cell count level increases by 2%. The risk increases by 12.8% for patients with TB
incidence. However, the risk for patients with TB prior to ART is now increased compared to the estimated risk
when the Cox proportional model is used.
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Table 4. Test for nonparametric terms for Aalen’s additive model: Part of First output

Test for non-significant effects
Supremum-test of significance p-value H0 : α(t) = 0

(Intercept) 6.50 0.000***
Age 3.08 0.047 *
factor(VLBL)1 1.63 0.649
CD4B 7.08 0.000***
factor(Gender)1 5.10 0.000 ***
factor(PATB)1 1.32 0.910
factor(VF)1 5.87 0.000 ***
factor(LA)1 2.72 0.109
factor(ITB)1 2.68 0.109
factor(CD4BL)1 5.71 0.000 ***
factor(PN)1 2.24 0.291

Table 5. Test for nonparametric terms for the Cox-Aalen’s additive model: Final output –Part A

Test for non-significant effects
Supremum-test of significance p-value H0 : α(t) = 0

(Intercept) 13.00 0.000 ***
factor(VLBL)1 2.99 0.050*
CD4B 7.00 0.000***
factor(Gender)1 5.04 0.000***
factor(VF)1 5.87 0.000***
factor(LA)1 3.58 0.008**
factor(CD4BL)1 5.77 0.000***

Test for time invariant effects
Kolmogorov-Smirnov test p-value H0:constant effect

(Intercept) 1.360 0.000***
factor(VLBL)1 0.241 0.033 *
CD4B 0.00223 0.000***
factor(Gender)1 0.232 0.000***
factor(VF)1 0.254 0.000***
factor(LA)1 0.217 0.006**
factor(CD4BL)1 2.020 0.000***

Cramer von Mises test p-value H0:constant effect
(Intercept) 1.3100 0.004**
factor(VLBL)1 0.0493 0.025*
CD4B 6.05e-06 0.000***
factor(Gender)1 0.0579 0.000***
factor(VF)1 0.0519 0.000***
factor(LA)1 0.0361 0.002**
factor(CD4BL)1 3.2500 0.000***
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Table 6. Estimation of regression coefficient, relative risk, standard error, z and p-value for multiplicative part of Cox-Aalen
model: Final output-Part B

βr exp( βr) SE Robust SE z P-val lower2.5% upper97.5%
const(Age) 0.0147 1.0179 0.0026 0.00194 7.57 0.000*** 0.0096 0.0198
const(factor(PATB))1 0.1420 1.1526 0.0662 0.04950 2.88 0.00399** 0.0123 0.2720
const(factor(PN))1 -0.0336 0.9670 0.0831 0.07450 -0.45 0.652 -0.1960 0.1290
const(factor(ITB))1 0.1210 1.1286 0.0514 0.04190 2.90 0.00377 ** 0.0203 0.2220

From the fitted multiplicative part of the Cox-Aalen model (Figure 2, the plots of the cumulative hazards for CD4
baseline, TB incidence, and prior-ART TB are presented. The steeper slope for the females (gender=0) compared
to males (gender=1) suggests that immune recovery (CD4 above 350) is expected sooner for females than males.
For patients who did not have TB prior to ART, immune recovery is also expected sooner compared to patients
with TB prior to ART.

In order to evaluate the goodness of fit of the covariates included in the multiplicative part of the Cox-Aalen
model, it is considered a cumulative score process. To assess the influence of the significant covariates on the risk
of progressing to a CD4 cell count higher than 350, the graph of the cumulative regression coefficients against the
survival time was plotted, showing the 95% pointwise confidence intervals (Figure 3. The slope of the plot informs
about the behaviour of the covariate on the hazard of CD4 above 350 over time (immune recovery). The confidence
intervals for the intercept, gender, virologic failure, and CD4 baseline (ungrouped) do not include the zero line,
hence they are significant. The plot in the top right corner is the estimated baseline cumulative hazards function
(intercept). With its positive slope, the plot suggests that when there are no covariates, there is an overall significant
and increasing hazard of immune recovery. The plot on the top right corner represents the additive effect of the
CD4 baseline (a continuous variable. The positive slope indicates that an increase in the CD4 cell count at baseline
increases the risk of immune recovery. Row 2 and column 1 show the plot for gender, and it decreased steadily
with a negative slope throughout the follow-up time. This plot suggests that males have a decreased risk of immune
recovery compared to their female counterparts. On the second row and second column is the plot for virologic
failure, and its negative slope suggests that virologic failure reduces the risk of immune recovery. The bottom right
corner is the slope for CD4 baseline with a negative slope, which indicates that starting ART with a CD4 baseline
below 350 reduces the risk of immune recovery.

The additive effect of age of an HIV patient was assessed by dividing it into four equal intervals. The estimated
cumulative functions for each quadrant are presented in Figure 4 below.

The fitness of the Aalen additive model was examined for the continuous variables, age and CD4 baseline,
using a series of cumulative martingale residuals with 100 random simulations under the null. These variables are
divided into quartiles to identify the most influential categories, and the results are presented in Figures 5. However,
Martinussen and Scheike recommended using P-values to ascertain the extent of the departure from the null that is
observed when a large size of residuals is calculated [25]. The p-values for the test for cumulative MG-residuals
are presented in Table 7. The p-values for the observed cumulative residuals for the CD4 baseline category (336,
499] and the age category (20, 26.5] are 0.26 and 0.08, respectively. This confirms that the CD4 baseline category
(336, 499] and the age category (20, 26.5] fit the data well (Figure 5). The observed cumulative residuals for the
other categories have P-values that favour the alternative hypothesis that the residuals are significantly different
from zero. Thus, leading to unacceptable fits as shown in the figures below.

4. Discussion

The Cox model assumes constant proportional hazards. Aalen’s additive model is a non-parametric model that
allows time-varying covariate effects in which covariates are modelled as additive risks to a baseline hazard and
are allowed to vary over time. Combining these two models helps to overcome the limitations of a single model.
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(a) Cumulative hazard for CD4 baseline

(b) Cumulative hazard for TB incidence

(b) Cumulative hazard for prior-ART TB

Figure 2. Plots of Cumulative hazards for the covariates in the multiplicative part of the Cox-Aalen Model

The Cox-Aalen model is more comprehensive in capturing both relative risk (Cox component) and the absolute
effects over time (Aalen component). By combining the Cox proportional hazards model and Aalen’s additive
model, this study analyses the risk of immune recovery using data from a retrospective cohort study from South
Africa.
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Figure 3. EEstimated cumulative regression functions with 95% pointwise confidence intervals based on Aalen’s additive
model

Table 7. Test for Cumulative MG-residuals for additive effect of the continuous variables, age and CD4 baseline part of
Cox-Aalen model: Final output-Part B

supβ̂(t) p-value H0 : β(t) = 0

factor(cut(CD4B, 4))(9.35,173] 68.166 0.00
factor(cut(CD4B, 4))(173,336] 47.285 0.00
factor(cut(CD4B, 4))(336,499] 3.550 0.26
factor(cut(CD4B, 4))(499,663] 8.999 0.00
factor(cut(Age, 4))(14,20.2] 12.110 0.01
factor(cut(Age, 4))(20.2,26.5] 5.878 0.08
factor(cut(Age, 4))(26.5,32.8] 52.239 0.00
factor(cut(Age, 4))(32.8,39] 57.773 0.00
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Figure 4. Cumulative residuals with 95% pointwise confidence intervals for 4 age groups with 100 simulations based on
Aalen’s additive model

The results from the analysis single Cox proportional hazards function suggest that age of patient, having TB
prior to ART, virologic failure, TB incidence post ART commencement, and CD4 baseline satisfy the proportional
hazards assumptions based on the Schoenfeld residuals test. However, from the final reduced Cox model, virologic
failure was dropped. Goodness of fit for the Cox proportional hazards model was based on the likelihood ratio,
Wald and Score tests, which show a highly significant fit of the model. On the other hand, the Aalen’s additive
model suggests that gender, virologic failure, CD4 baseline, and age had a statistically significant time-varying
effect based on the results from the supremum test. Combining the two models (Cox-Aalen model) improves the
significance of the covariates, both from the additive and the multiplicative classes, with more covariates being
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Figure 5. Score test for constant multiplicative effect for patient CD4 baseline and Age in the additive part of the Cox-Aalen
model with 100 randomly chosen score processes under the null of a constant multiplicative effect.

added to the additive part of the model. Thus, if a single model were used, some covariates could have been
dropped, yet their contribution is significant if properly classified. This makes the Cox-Aalen model a powerful
tool for survival analysis.

A comparison of the Cox model and Aalen’s additive model is based on the p-values for the selected covariates.
The results show that p-values in Aalen’s additive model are fairly lower than the p-values in the Cox model. This
could be because non-parametric models are generally less powerful in detecting significant effects compared to
parametric models [17]. The overall significance of Aalen’s model is higher than the overall significance of the
Cox model. However, it is not possible to base our conclusion on this because Aalen’s model uses a χ2 test and
the Cox model uses a likelihood ratio test. However, besides these differences, the Cox model and Aalen’s additive
model give almost similar results as far as the selection of covariates to remain in the final model is concerned.
The signs of the coefficients of covariates for both models are also the same. Hence, Aalen’s additive model can be
regarded as complementary to the Cox model. These findings agree with the results from studies on survival from
breast cancer [15, 16].
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The results from both Aalen’s additive hazard model and Cox regression model show that the covariates, TB
prior ART, adverse reaction to treatment (reaction), WHO stage baseline (WSBL), BMI progression, and viral load
baseline (VLBL) are not significantly associated with HIV/AIDS progression for patients under treatment therapy.
The other variables, CD4 baseline (CD4BL), gender, and developed TB during treatment, contribute significantly to
HIV/AIDS progression. These findings are in corroboration with the findings from multistate modelling by Shoko
and Chikobvu [26]. Although the variable age did not have any significant effect on the event of interest, it was not
removed from the model because of its epidemiological importance.

Results from this study show that males have poor adherence to treatment compared to their female counterparts.
There are several potential reasons for male vulnerability as highlighted by the literature [27, 31, 32, 33]. These
include stigma, delayed ART initiation and biological factors. A study carried out in 2014 shows that males have
higher patient attrition and mortality compared to females, and this may be attributed in part to late presentation
for HIV treatment and care [27]. Women are biologically more vulnerable to acquiring HIV infection than males
[33], and on average, women may exhibit slightly better immunological response to ART [36]. Mwamba et al.
[31] identified one of the factors influencing delayed ART initiation being patients with a history of a gap in HIV.
Males’ delayed reporting to health facilities could be a result of differences in social responsibilities, which give
women more entry points to HIV services, for instance, during pregnancy 30. Perceived social stigma around
HIV continues to be a challenge for treatment initiation [31]. Patients who develop TB whilst on treatment, if
diagnosed and treated, are likely to have a better HIV treatment outcome than their counterparts. Another study also
confirms that early recognition and appropriate management of these consequences can reinforce the successful
integration of therapy in HIV-infected patients with TB [28]. Commencing HIV/AIDS treatment when the CD4
cell count is below 350 cells/mm3 results in better treatment adherence than starting treatment when CD4 cell
counts are above 350 cells/mm3. This finding is supported by the work from Sabin et al., which also recommended
commencement of ART when the CD4 cell count is below 350 cells/mm3 and to improve treatment adherence
[29, 30]. Initially, the WHO recommended ART initiation at a CD4+ cell count of 200 cells/µl or lower, but recent
updates to these guidelines increased the recommended threshold for ART initiation to 250, 350, and 500cells/µl
[33]. The second recommendation by WHO, which was based on clinical trial results, confirms the efficacy of
the ARV drug tenofovir for use as PrEP to prevent people from acquiring HIV in a wide variety of settings and
populations, especially the most vulnerable populations [33]. However, for future studies on HIV/AIDS, the use of
Markov multistate models is recommended because they allow monitoring of disease progression through multiple
mutually exclusive states.

5. Conclusion

In this study, both the Cox proportional hazards model and Aalen’s additive model were used on HIV data. The
Cox model and Aalen’s model both yield similar results with regard to the selection of covariates that contribute
significantly to HIV progression. These covariates are gender, CD4 baseline, and the development of TB. Males
have an increased risk of immune deterioration than females. Patients who start ART with lower CD4 cell counts
have smaller risks of immune deterioration. Developing TB on ART and having it monitored increases the rates
of immune recovery. TB Coinfection: Development of TB during treatment is significantly linked to progression,
underscoring the need for integrated HIV/TB care—a critical public health message.

5.1. Limitation

Cohort Homogeneity: The sample is limited to Limpopo Province, South Africa. Results may not generalise to
other regions with different ART access, TB prevalence, or viral subtypes. Short FollowUp: Follow-up every 6
months (2005–2009) may miss long-term ART effects. Recent data (e.g., post2010 ART guidelines) could provide
updated insights.
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Significance statement

This study presents a comprehensive analysis of the determinants of HIV progression in patients receiving
antiretroviral therapy by combining Aalen’s additive model and the Cox proportional hazard model. The study
findings reinforce the need for early initiation of treatment for improved treatment outcomes and constant TB
diagnostics to reduce mortality rates among HIV-co-infected individuals. This study suggests that in order to relay
accurate information to the intended audience, at least two models can be used so that these models complement
each other. The purpose of this study is to model the progression of HIV among a TB co-infected cohort.
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